Next-generation sequencing (NGS) techniques have deeply impacted multiple research areas in biology. In molecular systematics, NGS has boosted the field from being based on a few loci-phylogeneticsto the use of hundreds or thousands of lociphylogenomics. However, while massive multilocus data sets should facilitate the resolution of complex phylogenetic problems, more data is not a panacea (Delsuc et al. 2005; Jeffroy et al. 2006; Roger and Hug 2006) . Although large data sets will reduce sampling error, in the presence of systematic biases they could also lead to wrong answers with strong statistical support (Phillips et al. 2004; Nishihara et al. 2007; RodriguezEzpeleta et al. 2007; Kumar et al. 2012) . At the same time, the wealth of data resulting from NGS has forced us to stop ignoring phylogenetic incongruence (Jeffroy et al. 2006; Galtier and Daubin 2008; Salichos and Rokas 2013) and to reconsider the difference between gene trees and species trees (Goodman et al. 1979) , to the point that we are witnessing a methodological and conceptual shift (Degnan and Rosenberg 2009; Edwards 2009; Knowles 2009 ). Hence, phylogenomic analysis not only implies new technical capabilities, but also comes with an explicit recognition of processes like incomplete lineage sorting (ILS), gene duplication and loss (GDL), and horizontal transfer (HGT) (Maddison 1997; Page and Charleston 1997; Slowinski and Page 1999) .
Indeed, the phylogenomic pipeline can be very complex, involving multiple challenges concerning the acquisition, manipulation, analysis, and interpretation of massive data sets, including the design of appropriate sequencing strategies, the identification of homologous/orthologous loci, model partitioning among multiple loci and gene/species tree reconstruction. And there are still important open questions regarding the best strategies for all these steps. With the idea of learning about common problems and potential solutions for some of these questions I organized a symposium entitled "Current Advances and Challenges in Practical Phylogenomics" at the 2013 Evolution meeting in Snowbird, Utah (USA) under the auspice of the Society of Systematic Biologists. The word "practical" in the title reflected my intention to push the speakers to tackle on stage some of the real hurdles phylogeneticists face in their daily life when analyzing genome-wide data. My hope was that the public would leave Snowbird's Ballroom 2 that day with some ideas that would change to some extent the way they construct and/or analyze their phylogenomic data sets.
The symposium included six talks that embraced different aspects of the phylogenomic endeavor, from data acquisition to data analysis. Indeed, not all phylogenomic problems were addressed. The speakers formed a diverse group of people encompassing different orientations (biology, computer science, statistics), at distinct career stages (from graduate students to professors), from various parts of the world and representing a mix of genders. The first two talks were related to different strategies for gathering phylogenomic data and their implications. Alan Lemmon (Florida State University, USA-"Anchored phylogenomics and the power of hybrid enrichment data for phylogenetics") broke the ice describing his methodology for the efficient acquisition of genomewide loci across multiple species, contrasting it with similar approaches like ultraconserved elements (e.g. Faircloth et al. 2012; Gilbert et al. 2015) and exon capture (e.g. Bi et al. 2012; Bragg et al. 2015; Manthey et al. 2016) . Next, Mike Harvey (Louisiana State University, USA-"SNPs versus sequences for phylogeography -an exploration using simulations and massively parallel sequencing in a non-model bird") compared the demographic inferences obtained from the same individuals using single nucleotide polymorphisms (SNPs) or a genotyping-by-sequencing approach (Elshire et al. 2011) . But phylogenomic matrices are often incomplete, and in the third talk, Lacey Knowles (University of Michigan, USA-"What to do with missing data in next-generation sequences? Unforeseen sampling effects on species-tree analyses") characterized the effect of missing data on the estimated species relationships The second half of the symposium focused on novel methods for the estimation of species trees from genome-wide data. Leonardo de Oliveira Martins (University of Vigo, Spain-"A probabilistic parsimonious model for species tree reconstruction") presented a Bayesian method for the reconstruction of species trees able to deal (nonparametrically) with ILS, GDL, and HGT. After that, Tandy Warnow (University of Texas at Austin, "Naive Binning Improves Phylogenomic Analysis") explained a new approach to species tree VOL. 65 estimation in which loci are concatenated into larger "supergenes." Finally, Alexei Drummond (University of Auckland, New Zealand-"Bayesian model averaging and the multispecies coalescent for phylogenomics") reviewed two recent additions to the BEAST2 software (Bouckaert et al. 2014) , a model-averaging approach across site partitions and substitution models, and its implementation of the multispecies coalescent model.
Almost three years later, a collection of four articles is published now as a result of this symposium (note that three of these articles have been accessible online since 2014). The result is a special issue that I hope it will be of interest to Systematic Biology readers who are trying to analyze massive phylogenomic data sets, an ever-growing group. In the first article of this special issue, Huang and Knowles (2016) simulated restrictionsite associated DNA (RAD) sequences with different NGS coverage in order to understand the impact of missing data on downstream phylogenetic inferences. According to their simulations, one who is very stringent about limiting the amount of missing data allowed is throwing away faster evolving loci, which could be especially informative for phylogenetic analyses. In such cases, it is more difficult to detect monophyletic taxa, and the resulting trees are less accurate. As with Sanger sequencing (Wiens and Morrill 2011; Hovmoller et al. 2013) , the emerging picture from this study is that phylogenetic inferences based on NGS are quite robust to randomly distributed missing data when the number of characters is large, and agrees well with different observations from empirical data (Rubin et al. 2012; Wagner et al. 2013; Streicher et al. 2016 ). However, this does not preclude missing data from becoming more problematic when they are nonrandomly distributed, both for gene tree and species tree (Simmons 2014; Xi et al. 2016) inference. In any case, the issue of how to best address missing data in phylogenomics data sets does not seem to be completely solved yet, and further studies seem necessary.
The other three articles of the special issue focused on methods to infer species trees from genome-wide data. A plethora of species tree methods have been developed in recent years (reviewed in Liu et al. 2015; Szollosi et al. 2015) and multiple simulation studies have been conducted to compare their performance, in particular under ILS scenarios (e.g., Lanier et al. 2014; Leache et al. 2014; Chaudhary et al. 2015; Tonini et al. 2015; Xi et al. 2016 ; this special issue). Nevertheless, which strategy is better for the estimation of species trees for genome-wide data is still the subject of a hot debate, in particular regarding the advantages/disadvantages of the multispecies coalescent versus concatenation (Edwards et al. 2016; Springer and Gatesy 2016) . In this special issue, Mirarab et al. (2016) presented an in silico comparison of species tree methods in the presence of ILS, including summary coalescent species tree methods like MP-EST (Liu et al. 2010) , greedy consensus, two supertree methods [matrix representation with parsimony (Ragan 1992 ) and matrix representation with likelihood (Nguyen et al. 2012) ] and maximum likelihood (ML)-concatenation. Their results suggest that concatenation can be more accurate than MP-EST when there is not much ILS or when the gene trees have little phylogenetic signal, and that the opposite can be true as soon as there is a number of accurate gene trees. Since the accuracy of the input gene trees can have a large impact on species tree estimation accuracy, they recommend that every attempt should be made to obtain estimated gene trees that are highly accurate.
The methods evaluated by Mirarab et al. (2016) are not fully probabilistic, and, therefore, in principle do not make full use of the data. In the third article of this special issue, Ogilvie et al. (2016) report a benchmarking of *BEAST, a Bayesian implementation of the multispecies coalescent Heled and Drummond 2010) included in the BEAST2 software package (http://beast2.org). While the elegance and sophistication of *BEAST is undeniable, clearly what has so far prevented its widespread use has been its heavy computational requirements. Because of this, Ogilvie et al. (2016) studied how well *BEAST scales with hundreds of loci, and compared its performance with other species tree methods, including concatenation. Their simulations show that it is feasible to use *BEAST with hundreds of loci (up to 256), at least if we are willing to focus on a relatively limited number of species (5-13) and individuals (2-8 per species), and assume a strict molecular clock. The authors mention, however, that *BEAST has also been used in more complex, empirical scenarios, for example, with 67 extant bird lineages and a relaxed clock (Berv and Prum 2014) . Interestingly, for simulated shallow species trees, *BEAST outperformed other methods in terms of topology and branch length estimation, even using far fewer loci. For deeper species histories, the accuracy of *BEAST was reduced and concatenation seemed more efficient, if only the topology of the species tree was of interest. The authors conclude that the computational efficiency of complex species tree models will increase and that it the future, and with the help of powerful computational resources, *BEAST might be able to deal with hundreds or even thousands of loci across tens or hundreds of species. Well, we cross our fingers for this to be the case, as data sets will become larger in the near future. Hopefully, the trade-off between computational time and model complexity will be affordable.
Most phylogenomic methods deal with a single source of phylogenomic incongruence (ILS, GDL, or HGT), although exceptions exist (e.g., Rasmussen and Kellis 2012; Szollosi et al. 2012; Yu et al. 2013 ). In the last article of this special issue, De Oliveira Martins et al. (2016) describe an ambitious species tree reconstruction method for phylogenomic data. The strategy adopted was inspired by the ML supertree approach proposed by Steel and Rodrigo (2008) , consisting of a statistical model of the incongruence between gene trees and species trees that ignores the evolutionary process responsible for it. Basically, De Oliveira Martins et al. (2016) extend this idea to a hierarchical Bayesian model where ILS, GDL, and HGT can be jointly accounted for, and implement it in the program guenomu (https://bitbucket.org/leomrtns/guenomu). They carried out comprehensive simulations showing that their method can be computationally efficient and quite accurate. Two advantages of their method are that it does not require the identification of orthologs and can utilize information from multiple individuals from the same species.
So, at the end, which method should we use to infer phylogenies at the genomic scale? In my mind it will be very difficult, if not impossible, to select an absolute winner for every scenario. It seems clear, however, to me that we should do it with species trees in mind, implicitly or, preferably, explicitly. Importantly, we should also recognize that not everything in species trees is about ILS. While accurate gene trees might be key for obtaining good species trees under the multispecies coalescent-and locus binning can exploit this property (Mirarab et al. 2014; Bayzid et al. 2015 )-the consideration of other factors like GDL and HGT should also be fundamental if we really want to understand the history of life.
